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Background: Both genetic and early life risk factors play important roles in the pathogenesis and progression of adult depression. However, the interplay between these risk factors and their added value to risk prediction models have not been fully elucidated.

Methods: Leveraging a meta-analysis of major depressive disorder genome-wide association studies (N = 45,591 cases and 97,674 controls), we developed and optimized a polygenic risk score for depression using LDpred in a model selection dataset from the UK Biobank (N = 130,092 European ancestry individuals). In a UK Biobank test dataset (N = 278,730 European ancestry individuals), we tested whether the polygenic risk score and early life risk factors were associated with each other and compared their associations with depression phenotypes. Finally, we conducted joint predictive modeling to combine this polygenic risk score with early life risk factors by stepwise regression, and assessed the model performance in identifying individuals at high risk of depression.

Results: In the UK Biobank test dataset, the polygenic risk score for depression was moderately associated with multiple early life risk factors. For instance, a one standard deviation increase in the polygenic risk score was associated with 1.16-fold increased odds of frequent domestic violence (95% CI: 1.14–1.19) and 1.09-fold increased odds of not having access to medical care as a child (95% CI: 1.05–1.14). However, the polygenic risk score was more strongly associated with depression phenotypes than most early life risk factors. A joint predictive model integrating the polygenic risk score, early life risk factors, age and sex achieved an AUROC of 0.6766 for predicting strictly defined major depressive disorder, while a model without the polygenic risk score and a model without any early life risk factors had an AUROC of 0.6593 and 0.6318, respectively.

Conclusion: We have developed a polygenic risk score to partly capture the genetic liability to depression. Although genetic and early life risk factors can be correlated, joint predictive models improved risk stratification despite limited improvement in magnitude, and may be explored as tools to better identify individuals at high risk of depression.
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Introduction

Depression is a common and serious illness that affects a large proportion of the population, is associated with an increased risk of suicide, and causes significant mortality, morbidity (Wong and Licinio, 2001; Hawton et al., 2013), and economic losses (Sartorius, 2001). Accurately identifying individuals at high risk may help to better design and target preventive interventions, thus reducing the socioeconomic burden (Djernes, 2006; King et al., 2008). However, depression is a highly heterogeneous disease with multifactorial causes and is often comorbid with other complex diseases, thus complicating risk prediction modeling (Kendler et al., 1993; Martin and Dahlen, 2005; Maier et al., 2015; Lu et al., 2023).

Early life stress, maladaptation, or dangerous experiences, such as domestic violence (Sternberg et al., 1993; Wiersma et al., 2009; Mandelli et al., 2015), have been widely recognized as risk factors for psychiatric diseases, high-risk behaviors, and other adverse health outcomes (Finkelhor et al., 2015; Metts et al., 2023). Children exposed to early life risk factors are at a substantially higher risk of developing adult depression, and this vulnerability can endure throughout their lifetime (Sadowski et al., 1999; McLaughlin, 2016). Several epidemiological studies have demonstrated that various measures of early life risk factors may predict future adulthood diagnoses of depression (Kessler and Magee, 1993; Felitti et al., 1998; Gibb et al., 2007; Bjorkenstam et al., 2017), as well as recurrence and chronicity of depression (Gilman et al., 2003). Evidently, unlike clinical risk factors from adulthood, exposure to early life risk factors usually precedes the onset of depression. This fact means that, for prediction modeling, reverse causation is unlikely for early life risk factors. Therefore, risk prediction models including early life factors may be particularly useful for designing preventive measures, although it remains challenging to comprehensively measure and integrate diverse risk factors.

Another important risk factor of depression is genetic predisposition (Wray et al., 2018; Howard et al., 2019; Giannakopoulou et al., 2021). Previous twin studies estimated that ~40% of the liability to major depressive disorder (MDD) could be attributed to genetic factors (Sullivan et al., 2000). Genome-wide association studies (GWASs) have revealed the polygenic architecture underlying MDD, wherein hundreds of genes harbor variants associated with the risk of MDD (Wray et al., 2018; Howard et al., 2019; Giannakopoulou et al., 2021). Such polygenic effects may be quantified by polygenic risk scores (PRSs), which aggregate the cumulative risk conferred by genetic variants throughout the genome. PRSs can be predictive of disease outcomes and have demonstrated potential clinical utility in population-level risk stratification (Inouye et al., 2018; Khera et al., 2018; Martin et al., 2019a; Lu et al., 2021a,b), risk factor identification (Lewis and Vassos, 2020; Lu et al., 2020a, 2022a), differential diagnosis (Sharp et al., 2019; Lu et al., 2020b, 2022b), treatment optimization (Damask et al., 2019; Marston et al., 2020), and possibly encouraging risk-reducing behaviors (McBride et al., 2010).

Although the importance of both genetic and early life risk factors in adult depression has been recognized, the interplay between these risk factors in altering risk predictions has not been fully elucidated. Notably, little attention has been paid to the potential added value derived from combining these two kinds of risk factors. Therefore, in this study, we first developed a PRS for depression based on a large-scale meta-analysis of MDD GWASs. We next assessed the association between this PRS and several early life risk factors of depression in the UK Biobank (Bycroft et al., 2018), as well as their associations with depression phenotypes. Finally, we harnessed the combined predictive power of genetic and early life risk factors by stepwise regression and thereby evaluated whether joint predictive models could improve the identification of at-risk individuals.



Methods


UK Biobank

Between 2006 and 2010, more than 500,000 individuals participated in the UK Biobank study (Bycroft et al., 2018). These participants were recruited at multiple assessment centers located in the United Kingdom. Upon recruitment, the participants provided demographic and health care information. Follow-up of the participants was conducted during repeat assessment visits, by online questionnaires or by surveying electronic health-related records. We leveraged the most recent data release that contained health-related records updated by March 2020.

Genome-wide genotyping was conducted using blood samples with the Applied Biosystem™ UK BiLEVE Axiom™ Array or UK Biobank Axiom™ Array, followed by imputation to the Haplotype Reference Consortium reference panel (Genomes Project Consortium et al., 2015). Genetic ancestry of each participant and their genetic relatedness were determined based on genotyped variants after quality control (data field 22,006), as described previously (Bycroft et al., 2018). Specifically, the UK Biobank inferred the genetic ancestry of each individual by matching clusters of the first six genetic principal components to self-reported ancestral groups. Kinship coefficients between each pair of individuals were calculated using KING (Manichaikul et al., 2010). In cases where two individuals were third-degree or closer relatives, one individual was excluded to form a subpopulation consisting of unrelated individuals. Due to the limited cross-ancestry portability of polygenic risk scores (Martin et al., 2017, 2019b) and small sample sizes of non-European ancestry populations in the UK Biobank, we restricted our analyses to 408,822 unrelated individuals (without third-degree or closer relationships) of European ancestry in this study, based on genetic ancestry assignment and genetic relatedness provided by the UK Biobank. We assigned these individuals into a model selection dataset (N = 130,092), consisting of individuals in the interim release of the UK Biobank data in 2015, and a test dataset (N = 278,730), consisting of individuals not in the interim release but in the full release in 2018.



Definition of depression phenotypes

Following Howard et al. (2018), we defined three depression phenotypes: broad depression that included any possible mental health difficulties, probable MDD that included more severe symptoms of depression, and International Classifications of Diseases (ICD)-10-coded MDD that was based on physician-made diagnoses.

Specifically, cases of broad depression were defined as having sought treatment for nerves, anxiety, tension, or depression (based on data field 2090, “Have you ever seen a general practitioner (GP) for nerves, anxiety, tension or depression” and data field 2,100, “Have you ever seen a psychiatrist for nerves, anxiety, tension or depression” from questionnaire), or having an ICD-10 code of F32 (single episode depression), F33 (recurrent depression), F34 (persistent mood disorders), F38 (other mood disorders) or F39 (unspecified mood disorders) upon recruitment or during any of the follow-up visits. Controls were individuals who had never sought treatment for mental health difficulties and had none of the ICD-10 codes. Individuals who did not respond to the questionnaire, or answered “do not know” or “prefer not to answer” were considered as missing data.

Cases of probable MDD were defined as having sought treatment for nerves, anxiety, tension, or depression while having been depressed, unenthusiastic, or disinterested for at least 2 weeks (based on data field 4,598 “ever depressed for a whole week,” data field 4,609 “longest period of depression,” data field 4,631 “ever unenthusiastic/disinterested for a whole week,” and data field 5,375 “longest period of unenthusiasm/disinterest” from questionnaire), or having an ICD-10 code of F32, F33, F34, F38, or F39 upon recruitment or during any of the follow-up visits. Controls were individuals who had never been depressed, unenthusiastic, or disinterested for a whole week and had none of the ICD-10 codes. Individuals who did not meet the criteria for either cases or controls, as well as those who did not respond to the questionnaire, or answered “do not know” or “prefer not to answer” were considered as missing data.

Cases of ICD-10 MDD were defined as having an ICD-10 code of F32, F33, F34, F38, or F39 upon recruitment or during any of the follow-up visits. Controls were individuals who had none of the ICD-10 codes and were controls of probable MDD. Other individuals were considered as missing data.



Definition of early life risk factors

We considered six possible early life risk factors of depression obtained from questionnaire: whether an individual was part of a multiple birth (data field 1,777), birthweight (data field 20,022), whether an individual was breastfed as a baby (data field 1,677), maternal smoking around birth (data field 1,787), domestic violence, and access to medical care. Extreme birthweight was defined as having a birthweight below the 10th percentile or above the 90th percentile. Individuals who responded “very often,” “often,” or “sometimes” to the question “Physically abused by family as a child” (data field 20,488) or the question “Sexually molested as a child” (data field 20,490) were considered as victims of frequent domestic violence; these individuals, together with those who responded “rarely” to either of these two questions were considered as victims of any domestic violence; Individuals who responded “never” to both of these two questions were considered as not being exposed to domestic violence as a child. Individuals who responded “very often,” “often,” or “sometimes” to the question “Someone to take to doctor when needed as a child” (data field 20,491) were considered as having access to medical care; those who responded “rarely” or “never” were considered as not having access to medical care. Individuals who did not respond to the questionnaire, or answered “do not know” or “prefer not to answer” were considered as missing data.



Development of polygenic risk score

We leveraged the results of MDD GWAS meta-analyses performed by the PGC (Wray et al., 2018). We obtained the GWAS summary statistics from the meta-analysis which did not include the UK Biobank, based on a total of 45,591 cases and 97,674 controls, predominantly of European ancestry. Definition of MDD cases has been described previously (Wray et al., 2018), which included cohort-specific structured diagnostic interviews and electronic health-related records.

We adopted LDpred (Vilhjalmsson et al., 2015) to develop a PRS for MDD. LDpred operates on the GWAS summary statistics to incorporate genome-wide genetic variants into a predictive model (PRS), while accounting for linkage disequilibrium (LD) between genetic variants with an LD reference panel (Vilhjalmsson et al., 2015). We used HapMap3 variants (International HapMap Consortium et al., 2010) from a random subset of 5,000 European ancestry UK Biobank participants to compute the LD reference panel. We constructed eight candidate PRSs with a varying tuning parameter (p) determining the fraction of variants to be considered as causal: p = infinity (i.e., LDpred-inf), p = 1, p = 0.3, p = 0.1, p = 0.03, p = 0.01, p = 0.003, and p = 0.001. Genetic variants included in these PRSs were HapMap3 variants with a minor allele frequency > 0.001, an imputation quality score > 0.3, and a missing rate < 0.1 (Bycroft et al., 2018).

Next, in the model selection dataset, for each candidate PRS, we assessed its discriminative power in identifying individuals at high risk of broad depression, probable MDD, and ICD-10 MDD, respectively, by area under the receiver-operating characteristic curve (AUROC). For each depression phenotype, we selected the PRS with the highest AUROC as the optimized PRS for downstream analyses. We examined whether this PRS was normally distributed by Kolmogorov–Smirnov test.



Association between polygenic risk score, early life risk factors, and depression phenotypes

In the test dataset, we first assessed the associations between the PRS and each of the early life risk factors by logistic regression. Chi-square tests were used to assess associations between each pair of early life risk factors, with the magnitudes of associations quantified by tetrachoric correlation (i.e., Pearson correlation for two binary variables).

We then tested for the association between each depression phenotype and the PRS, and between each depression phenotype and each of the early life risk factors by logistic regression. We also tested whether there existed interaction effects between the PRS and early life risk factors on depression phenotypes by multivariate logistic regression. Furthermore, we compared the magnitudes of the depression-PRS associations and the depression-early life risk factor associations. Specifically, when comparing to an early life risk factor affecting [image: image]% of the population, we binarized the population at the [image: image]-th percentile of the PRS, and assessed the disease risk in the high-risk group in contrast to the low-risk group by logistic regression. All logistic regression models adjusted for the fixed effects of age, age (Hawton et al., 2013), sex, recruitment center, genotyping array, and the first 10 genetic principal components to account for population stratification.

When testing for PRS-early life risk factor interaction effects, we further adjusted for the PRS-covariate interaction effects as well as early life risk factor-covariate interaction effects (Keller, 2014). However, it is important to note that these models included several correlated variables, which can result in increased multicollinearity. This, in turn, may lead to imprecise and unstable model estimates and an increased risk of overfitting. Therefore, these analyses should be interpreted as sensitivity analyses.

Benjamini-Hochberg-corrected p-values (false discovery rate, FDR) were calculated to adjust for the multiple testing conducted across all early life risk factors and three depression phenotypes.



Joint predictive modeling using genetic and early life risk factors

To further improve risk prediction, we fitted a joint predictive model for each depression phenotype including the PRS, all early life risk factors, age, age (Hawton et al., 2013), and sex as predictors. We replaced the binary risk factors for low or high birthweight by birthweight and birthweight (Hawton et al., 2013), which improves the flexibility for modeling possible non-linear effects and reduces collinearity. We performed stepwise regression to reduce model redundancy due to correlation between risk factors, using the R package MASS with default settings (minimization of the Akaike information criterion). We termed the resulting model as the PRS + RF model.

In addition, we repeated the model fitting and variable selection, separately without the PRS, without any early life risk factors, and with only age, age (Hawton et al., 2013), and sex. We termed the resulting models as the RF model, the PRS model, and the baseline model, respectively.

The significance of each predictor in each of the final joint predictive models was determined based on multivariate regression including all retained predictors. To evaluate model consistency, we compared the coefficients of each predictor obtained from multivariate regression to those obtained from univariate regression using the same set of individuals included in the multivariate analysis.



Assessment of predictive performance

In the test dataset, we evaluated the performance of the above joint predictive models in predicting the risk of respective disease. AUROC and area under the precision-recall curve (AUPRC) were calculated for each model and the corresponding depression phenotype using the R package PRROC. To evaluate whether the PRS + RF model had significantly better predictive performance than the RF model and the PRS model, we resampled individuals in the test dataset 1,000 times with replacement, and obtained 95% confidence intervals for AUROC and AUPRC. Bootstrap p-values were calculated based on the frequency at which the RF model or the PRS model achieved a higher AUROC or AUPRC across the 1,000 replicates. Moreover, we calculated net reclassification indices (NRI) at different cutoffs (50th, 80th, or 90th percentile of the predicted risk) for defining the high-risk group as well as integrated discrimination indices (IDI; Pencina et al., 2008) using the R package PredictABEL, where a positive NRI and a positive IDI would indicate improved discriminative power using the PRS + RF model over the RF model and the PRS model.




Results


Study design

An overview of the study design is provided in Figure 1. In this study, we first developed candidate polygenic risk scores based on a meta-analysis of MDD GWASs conducted by the PGC (Wray et al., 2018; section Methods). We leveraged the UK Biobank resources to select the best-performing polygenic risk score as follows. The UK Biobank participants of European ancestry were assigned into a model selection dataset (N = 130,092) and a test dataset (N = 278,730). These two datasets had similar demographic characteristics (Table 1), with a mean age of 56.9 years (standard deviation, SD = 7.9 years in the model selection dataset and 8.0 years in the test dataset), and more females (52.8% in the model selection dataset and 54.6% in the test dataset) than males. After excluding individuals with missing data, maternal smoking around birth was the most prevalent early life risk factor among all risk factors investigated, affecting 32.6% of the individuals in the model selection dataset and 29.9% in the test dataset, while only 2.3% of the individuals in both datasets were part of a multiple birth (Table 1).
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FIGURE 1
 Overview of study design.




TABLE 1 Cohort characteristics.
[image: Table1]

In the model selection dataset, the PRS developed with an LDpred parameter p = 0.03 (section Methods) achieved the highest AUROC in predicting all three depression phenotypes (Supplementary Figure S1). Therefore, this PRS was used for quantifying genetic predisposition toward depression phenotypes in all downstream analyses. The distribution of PRS did not differ from a normal distribution in the UK Biobank (Supplementary Figure S2).

We did not detect any significant interaction effect between the PRS and early life risk factors in the model selection dataset (value of p > 0.05; Supplementary Table S1), hence interaction effects were not evaluated in the test dataset and were not included for developing joint predictive models.

We jointly modeled all genetic and early life risk factors for predicting each of the three depression phenotypes. In all PRS + RF models, the PRS, maternal smoking around birth, frequent domestic violence, any domestic violence, and having access to medical care were retained as predictors after variable selection using stepwise regression (section Methods; Supplementary Table S2). Being breastfed as a child was retained in the PRS + RF models for predicting probable MDD and ICD-10 MDD, while being part of a multiple birth was only retained in the PRS + RF model for predicting ICD-10 MDD. None of the PRS + RF models included birthweight or birthweight (Hawton et al., 2013) due to the small magnitude of effect and correlation with other predictors. All model coefficients are provided in Supplementary Table S3. These coefficients obtained from multivariate regression were largely consistent with those obtained from univariate regression for each predictor based on the same set of individuals (section Methods; Supplementary Table S3).



Polygenic risk score for depression was associated with early life risk factors

In the test dataset, the PRS for depression was significantly associated with most early life risk factors investigated in this study. Specifically, a one SD increase in the PRS was significantly associated with frequent domestic violence as well as any domestic violence, with an odds ratio of 1.16 (95% CI: 1.14–1.19; value of p = 5.6 × 10−41; FDR = 2.2 × 10−40) and 1.12 (95% CI: 1.10–1.13; value of p = 6.1 × 10−44; FDR = 4.9 × 10−43; Figure 2A), respectively. A one SD increase in the PRS was marginally associated with increased odds of having a birthweight below the 10th percentile, having a birthweight above the 90th percentile, not being breastfed as a child, maternal smoking around birth, and not having access to medical care (Figure 2A; Supplementary Table S4), respectively. The PRS was not significantly associated with being part of a multiple birth (Figure 2A; Supplementary Table S4).

[image: Figure 2]

FIGURE 2
 Association between genetic and early life risk factors. (A) Odds ratios of being exposed to early life risk factors associated with a one standard deviation increase in the PRS. Increased PRS was positively associated with not being breastfed as a baby and not having access to medical care. Error bars indicated 95% confidence intervals. Detailed test statistics are provided in Supplementary Table S1. (B) Correlation between early life risk factors. Tetrachoric correlation coefficients are indicated with size of dots corresponding to the magnitude of correlation. Chi-square test p-values are provided in Supplementary Table S2. Correlation between low birthweight and high birthweight and correlation between frequent domestic violence and any domestic violence were not calculated because these variables represent the same underlying risk factors. OR, odds ratio; SD, standard deviation.


Meanwhile, as expected, the early life risk factors could be correlated with each other (Figure 2B; Supplementary Table S5), sometimes strongly. For instance, having access to medical care was negatively associated with frequent domestic violence (correlation coefficient = −0.28) and any domestic violence (correlation coefficient = −0.18; Figure 2B; Supplementary Table S5).



Genetic and early life risk factors were associated with depression phenotypes

We found that the PRS and most of the early life risk factors under investigation were significantly associated with depression phenotypes in the test dataset (Figure 3; Supplementary Table S6). Importantly, a one SD increase in the PRS was associated with 1.19-fold increased odds of broad depression (95% CI: 1.18–1.20; value of p < 2.2 × 10−308; FDR < 2.2 × 10−308), 1.25-fold increased odds of probable MDD (95% CI: 1.23–1.26; value of p = 1.5 × 10−208; FDR = 1.4×10−207), and 1.33-fold increased odds of ICD-10 MDD (95% CI: 1.31–1.36; value of p = 6.5 × 10−169; FDR = 4.4 × 10−168; Figure 3; Supplementary Table S6). Among the early life risk factors, domestic violence demonstrated the strongest association with depression phenotypes. Compared to the rest of the population, 10.2% of the individuals who experienced frequent domestic violence had 1.89-fold increased odds of broad depression (95% CI: 1.81–1.98; value of p = 2.5 × 10−176; FDR = 2.0 × 10−175), 2.49-fold increased odds of probable MDD (95% CI: 2.31–2.67; value of p = 7.0×10−138; FDR = 3.4 × 10−137), and 3.52-fold increased odds of ICD-10 MDD (95% CI: 3.17–3.91; value of p = 4.5 × 10−120; FDR = 1.4 × 10−119; Figure 3; Supplementary Table S6).

[image: Figure 3]

FIGURE 3
 Comparison of associations between genetic and early life risk factors and depression phenotypes. The odds of depression associated with being exposed to each early life risk factor compared to the rest of the population are illustrated with respect to the prevalence of each risk factor. Individuals who were not breastfed as a baby and those who did not have access to medical care were considered to be at risk of depression. Odds ratios of depression were also derived by risk comparison between a high-risk group defined at a PRS cutoff corresponding to the prevalence of each early life risk factor and the rest of the test population, respectively, indicated in dark blue color. Error bars indicated 95% confidence intervals. Using the PRS as a continuous risk factor, predicted odds ratios with respect to the proportion of individuals considered to be at risk of depression are illustrated by the dark blue dashdotted line, with dark blue dotted lines indicating the 95% confidence interval. X-axis is on a logarithmic scale.


Notably, the PRS was more predictive of the depression phenotypes than being part of a multiple birth, extreme birthweight, being breastfed as a child, and maternal smoking around birth, since high-risk groups defined based on the PRS cutoffs corresponding to risk factor prevalence were at a more evidently elevated level of risk of depression (section Methods; Figure 3; Supplementary Table S6). For example, maternal smoking around birth affected 29.9% of the individuals, conferring an odds ratio of 1.18 (95% CI: 1.16–1.20; value of p = 1.2 × 10−66; FDR = 2.8 × 10−66), 1.27 (95% CI: 1.23–1.31; value of p = 2.2 × 10−47; FDR = 3.7 × 10−47), and 1.47 (95% CI: 1.40–1.54; value of p = 5.5 × 10−59; FDR = 9.8 × 10−59) for broad depression, probable MDD, and ICD-10 MDD (Figure 3; Supplementary Table S6), respectively. In contrast, having a PRS among the highest 29.9% of the population was associated with 1.33-fold increased odds of broad depression (95% CI: 1.31–1.35; value of p = 5.5×10−238; FDR = 1.0 × 10−236), 1.45-fold increased odds of probable MDD (95% CI: 1.40–1.49; value of p = 3.0 × 10−129; FDR = 1.3 × 10−128), and 1.62-fold increased odds of ICD-10 MDD (95% CI: 1.55–1.69; value of p = 2.7 × 10−108; FDR = 7.5 × 10−108; Figure 3; Supplementary Table S6). Not having access to medical care appeared to have a similar predictive performance as the PRS (Figure 3; Supplementary Table S6).



Joint modeling of genetic and early life risk factors achieved improved predictive performance

In the test dataset, all PRS + RF models demonstrated superior predictive performance compared to the RF models, PRS models, and baseline models. Specifically, the three PRS + RF models achieved the highest AUROC of 0.6173 (95% CI: 0.6129–0.6219) and AUPRC of 0.4817 (95% CI: 0.4752–0.4886) for predicting broad depression (Figures 4A,B), 0.6459 (95% CI: 0.6395–0.6522) and 0.5911 (95% CI: 0.5815–0.6010) for predicting probable MDD (Figures 4C,D), and 0.6766 (95% CI: 0.6633–0.6886) and 0.2997 (95% CI: 0.2815–0.3189) for predicting ICD-10 MDD (Figures 4E,F), respectively. Although the magnitudes of difference in AUROC and AUPRC between predictive models were not dramatic, the observed improvement in predictive performance was significant (all comparisons had a bootstrap value of p < 0.001 based on 1,000 bootstrap replicates; section Methods; Supplementary Figure S3). Notably, compared to other models, the PRS + RF models almost always achieved the highest sensitivity, specificity, and precision, when the same proportion of the population was considered at-risk (Figures 4A–F; Supplementary Table S7). The improved discriminative power of the PRS + RF models was also supported by consistently positive NRI at various cutoffs for identifying at-risk individuals and IDI (Supplementary Table S8).
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FIGURE 4
 Comparison of predictive performance between joint prediction models. Receiver-operating characteristic curves and precision-recall curves are illustrated for broad depression in (A,B), probable MDD in (C,D), and ICD-10 MDD in (E,F). AUROC and AUPRC are denoted for each model. The value of AUPRC depends on the model performance as well as the proportion of cases in the test population. Confidence intervals of AUROC and AUPRC based on 1,000 bootstrap replicates are illustrated in Supplementary Figure S3. All risk prediction models included age, age (Hawton et al., 2013), and sex as candidate predictors.





Discussion

In this study, leveraging the largest meta-analysis of MDD GWASs, we developed a PRS aggregating risk conferred by genetic variants throughout the genome. Based on a subset of the European ancestry population from the UK Biobank, we detected weak to moderate associations between the PRS and several early life risk factors. The PRS showed a significant association with depression phenotypes, with a magnitude of association similar to or larger than that of most early life risk factors alone under investigation, except for domestic violence. Furthermore, we constructed joint predictive models integrating genetic and early life risk factors which demonstrated improved predictive performance over more simplistic models, although the magnitude of performance improvement was limited.

Our results may have important clinical and research implications. On the one hand, findings of association tests reinforced the roles of key risk factors. Importantly, the PRS was associated with modifiable early life risk factors of high impact on adult depression, such as domestic violence, having no access to medical care, and maternal smoking around birth (Wiersma et al., 2009; Mandelli et al., 2015). Notably, these associations with parental behaviors among the children may reflect parental genetic associations with risk factors, demographic (such as assortative mating) effects, or indirect genetic effects via shared environment in large-scale GWASs (Robinson et al., 2017; Kong et al., 2018; Young et al., 2019; Howe et al., 2022; Lu et al., 2022c). To fully elucidate the sources of such genetic associations, studies focusing on disentangling parental genetic effects from the overall genetic effects, possibly through the use of non-transmitted alleles (Spielman and Ewens, 1996; Gauderman et al., 1999; Kong et al., 2018), as well as within-family GWASs (Howe et al., 2022) may be warranted. Nonetheless, these validated risk factors are strongly implicated as preventive and early intervention targets for reducing risk of depression among at-risk children.

On the other hand, despite strong correlation between risk factors, we showcased that stepwise regression implementing variable selection could effectively reduce the model redundancy of joint predictive models and achieve improved predictive performance. In particular, the PRS + RF model significantly outperformed the RF model and the PRS model with higher AUROC and AUPRC, and consistently demonstrated the highest sensitivity, specificity, and precision at different risk thresholds. However, it is worth noting that the increase in these performance metrics was marginal in magnitude, and the absolute accuracy of all models was limited. Therefore, we do not anticipate that the current models will have direct clinical utility. Nevertheless, we posit that our analytical framework may be generalized for better understanding of risk factors and improving risk prediction of complex diseases with a significant genetic component, including but not limited to psychiatric disorders.

Our study has two strengths. First, we adopted LDpred (Vilhjalmsson et al., 2015) to develop a PRS for a polygenic psychiatric disorder, which ensured that the PRS could capture a substantial proportion of the genetic liability while rigorously reducing bias due to LD. This PRS allowed accurate assessment of the association between the genetic predisposition and early life risk factors, and formed the basis of the joint predictive models. Second, we defined three depression phenotypes (Howard et al., 2018) to account for the high heterogeneity of depression while mitigating the effects of possible inconsistencies and errors in data collection and case definition. As expected, all risk factors demonstrated the strongest association with the most strictly defined ICD-10 MDD, while milder yet consistent associations with probable MDD and broad depression strongly supported the validity of our results.

Our study has important limitations. First of all, our analyses were restricted to individuals of European ancestry since the MDD GWASs were predominantly based on European ancestry individuals. It has been widely recognized that PRSs developed based on a European ancestry population can have substantially attenuated predictive performance in non-European ancestry populations due to discrepancies in LD structure, minor allele frequencies, effect sizes of causal variants (Martin et al., 2017, 2019b), etc. Moreover, our findings have not been replicated in other cohorts. Although the test dataset did not overlap with the model selection dataset, it is worth noting that familial relatedness is not uncommon in the UK Biobank (Bycroft et al., 2018). Therefore, the metrics of predictive performance obtained in this study are likely specific to the UK Biobank. We anticipate investigations in diverse populations will more thoroughly evaluate and improve the utility of genetic and early life risk factors in risk prediction of depression. Last, our study only considered a limited number of early life risk factors, whereas other known risk factors, such as socioeconomic status (Everson et al., 2002; Gilman et al., 2002; Goodman and Huang, 2002), substance abuse (Levy and Deykin, 1989; Goodman and Huang, 2002; Rao, 2006), and traumatic events (other than childhood domestic violence; Shalev et al., 1998; Young and Korszun, 2010; Mandelli et al., 2015), were not included due to unavailability of data or risk of reverse causation or confounding. Importantly, while we did not detect significant interaction effects between the PRS and selected early life risk factors in our study, existing studies have identified possible interaction effects between genetic and lifetime traumatic events on depression (Coleman et al., 2020; Chuong et al., 2022), although such interaction effects may be sensitive to model specification (Coleman et al., 2020). Our analyses examining interaction effects should also be viewed as exploratory, given the high complexity of the models and the potential incomplete consideration of confounding factors. More comprehensive modeling of additional risk factors and their interplay with the genetic predisposition while accounting for multicollinearity to improve model stability, and mitigating reverse causation and confounding effects may yield novel insights into the pathogenesis and progression of depression, and should be warranted in future studies.

In summary, we have developed a PRS consistently associated with depression phenotypes. This PRS was more or equally strongly associated depression phenotypes compared to most early life risk factors, except domestic violence. Despite partial dependence, genetic and early life risk factors should be explored jointly as tools to provide better risk stratification for identifying individuals at high risk of depression.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding authors.



Ethics statement

The studies involving human participants were reviewed and approved by North West Centre for Research Ethics Committee (11/NW/0382). The patients/participants provided their written informed consent to participate in this study.



Author contributions

TL and CG designed the study. TL curated and managed data, performed the computational analyses, visualized the results and wrote the initial manuscript. TL, PS, and CG interpreted the results. All authors contributed to the article and approved the submitted version.



Funding

This research has been conducted using the UK Biobank resource under Application Number 60755. This study was enabled in part by support provided by Calcul Québec and Compute Canada. TL has been supported by a Schmidt AI in Science Postdoctoral Fellowship, a Vanier Canada Graduate Scholarship, and a Fonds de Recherche du Québec - Santé Doctoral Training Fellowship. CMTG is supported by a Canadian Institutes of Health Research grant (PJT-148620).



Conflict of interest

TL was an employee of 5 Prime Sciences Inc.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2023.1143496/full#supplementary-material



References

 Bjorkenstam, E., Vinnerljung, B., and Hjern, A. (2017). Impact of childhood adversities on depression in early adulthood: A longitudinal cohort study of 478,141 individuals in Sweden. J. Affect. Disord. 223, 95–100. doi: 10.1016/j.jad.2017.07.030 

 Bycroft, C., Freeman, C., Petkova, D., Band, G., Elliott, L. T., Sharp, K., et al. (2018). The UK Biobank resource with deep phenotyping and genomic data. Nature 562, 203–209. doi: 10.1038/s41586-018-0579-z 

 Chuong, M., Adams, M. J., Kwong, A. S. F., Haley, C. S., Amador, C., and McIntosh, A. M. (2022). Genome-by-Trauma Exposure Interactions in Adults With Depression in the UK Biobank. JAMA Psychiat. 79, 1110–1117. doi: 10.1001/jamapsychiatry.2022.2983 

 Coleman, J. R. I., Peyrot, W. J., Purves, K. L., Davis, K. A. S., Rayner, C., Choi, S. W., et al. (2020). Genome-wide gene-environment analyses of major depressive disorder and reported lifetime traumatic experiences in UK Biobank. Mol. Psychiatry 25, 1430–1446. doi: 10.1038/s41380-019-0546-6 

 Damask, A., Steg, P. G., Schwartz, G. G., Szarek, M., Hagström, E., Badimon, L., et al. (2019). Patients with High Genome-Wide Polygenic Risk Scores for Coronary Artery Disease May Receive Greater Clinical Benefit from Alirocumab Treatment in the Odyssey Outcomes Trial. Circulation 141, 624–636. doi: 10.1161/CIRCULATIONAHA.119.044434 

 Djernes, J. K. (2006). Prevalence and predictors of depression in populations of elderly: a review. Acta Psychiatr. Scand. 113, 372–387. doi: 10.1111/j.1600-0447.2006.00770.x


 Everson, S. A., Maty, S. C., Lynch, J. W., and Kaplan, G. A. (2002). Epidemiologic evidence for the relation between socioeconomic status and depression, obesity, and diabetes. J. Psychosom. Res. 53, 891–895. doi: 10.1016/S0022-3999(02)00303-3


 Felitti, V. J., Anda, R. F., Nordenberg, D., Williamson, D. F., Spitz, A. M., Edwards, V., et al. (1998). Relationship of childhood abuse and household dysfunction to many of the leading causes of death in adults: The Adverse Childhood Experiences (ACE) Study. Am. J. Prev. Med. 14, 245–258. doi: 10.1016/S0749-3797(98)00017-8 

 Finkelhor, D., Turner, H. A., Shattuck, A., and Hamby, S. L. (2015). Prevalence of Childhood Exposure to Violence, Crime, and Abuse: Results From the National Survey of Children's Exposure to Violence. JAMA Pediatr. 169, 746–754. doi: 10.1001/jamapediatrics.2015.0676


 Gauderman, W. J., Witte, J. S., and Thomas, D. C. (1999). Family-based association studies. JNCI Monogr 1999, 31–37. doi: 10.1093/oxfordjournals.jncimonographs.a024223


 Genomes Project ConsortiumAuton, A., Brooks, L. D., Durbin, R. M., Garrison, E. P., Kang, H. M., et al. (2015). A global reference for human genetic variation. Nature 526, 68–74. doi: 10.1038/nature15393 

 Giannakopoulou, O., Lin, K., Meng, X., Su, M. H., Kuo, P. H., Peterson, R. E., et al. (2021). The Genetic Architecture of Depression in Individuals of East Asian Ancestry: A Genome-Wide Association Study. JAMA Psychiat. 78, 1258–1269. doi: 10.1001/jamapsychiatry.2021.2099 

 Gibb, B. E., Chelminski, I., and Zimmerman, M. (2007). Childhood emotional, physical, and sexual abuse, and diagnoses of depressive and anxiety disorders in adult psychiatric outpatients. Depress. Anxiety 24, 256–263. doi: 10.1002/da.20238 

 Gilman, S. E., Kawachi, I., Fitzmaurice, G. M., and Buka, S. L. (2002). Socioeconomic status in childhood and the lifetime risk of major depression. Int. J. Epidemiol. 31, 359–367. doi: 10.1093/ije/31.2.359


 Gilman, S. E., Kawachi, I., Fitzmaurice, G. M., and Buka, L. (2003). Socio-economic status, family disruption and residential stability in childhood: relation to onset, recurrence and remission of major depression. Psychol. Med. 33, 1341–1355. doi: 10.1017/s0033291703008377


 Goodman, E., and Huang, B. (2002). Socioeconomic status, depressive symptoms, and adolescent substance use. Arch. Pediatr. Adolesc. Med. 156, 448–453. doi: 10.1001/archpedi.156.5.448


 Hawton, K., Casanas, I. C. C., Haw, C., and Saunders, K. (2013). Risk factors for suicide in individuals with depression: a systematic review. J. Affect. Disord. 147, 17–28. doi: 10.1016/j.jad.2013.01.004


 Howard, D. M., Adams, M. J., Clarke, T. K., Hafferty, J. D., Gibson, J., Shirali, M., et al. (2019). Genome-wide meta-analysis of depression identifies 102 independent variants and highlights the importance of the prefrontal brain regions. Nat. Neurosci. 22, 343–352. doi: 10.1038/s41593-018-0326-7 

 Howard, D. M., Adams, M. J., Shirali, M., Clarke, T. K., Marioni, R. E., Davies, G., et al. (2018). Genome-wide association study of depression phenotypes in UK Biobank identifies variants in excitatory synaptic pathways. Nat. Commun. 9:1470. doi: 10.1038/s41467-018-03819-3 

 Howe, L. J., Nivard, M. G., Morris, T. T., Hansen, A. F., Rasheed, H., Cho, Y., et al. (2022). Within-sibship genome-wide association analyses decrease bias in estimates of direct genetic effects. Nat. Genet. 54, 581–592. doi: 10.1038/s41588-022-01062-7 

 Inouye, M., Abraham, G., Nelson, C. P., Wood, A. M., Sweeting, M. J., Dudbridge, F., et al. (2018). Genomic Risk Prediction of Coronary Artery Disease in 480,000 Adults: Implications for Primary Prevention. J. Am. Coll. Cardiol. 72, 1883–1893. doi: 10.1016/j.jacc.2018.07.079


 International HapMap ConsortiumAltshuler, D. M., Gibbs, R. A., Peltonen, L., Altshuler, D. M., Gibbs, R. A., et al. (2010). Integrating common and rare genetic variation in diverse human populations. Nature 467, 52–58. doi: 10.1038/nature09298


 Keller, M. C. (2014). Gene× environment interaction studies have not properly controlled for potential confounders: the problem and the (simple) solution. Biol. Psychiatry 75, 18–24. doi: 10.1016/j.biopsych.2013.09.006 

 Kendler, K. S., Kessler, R. C., Neale, M. C., Heath, A. C., and Eaves, L. J. (1993). The prediction of major depression in women: toward an integrated etiologic model. Am. J. Psychiatry 150, 1139–1148. doi: 10.1176/ajp.150.8.1139 

 Kessler, R. C., and Magee, W. J. (1993). Childhood adversities and adult depression: basic patterns of association in a US national survey. Psychol. Med. 23, 679–690. doi: 10.1017/s0033291700025460 

 Khera, A. V., Chaffin, M., Aragam, K. G., Haas, M. E., Roselli, C., Choi, S. H., et al. (2018). Genome-wide polygenic scores for common diseases identify individuals with risk equivalent to monogenic mutations. Nat. Genet. 50, 1219–1224. doi: 10.1038/s41588-018-0183-z 

 King, M., Walker, C., Levy, G., Bottomley, C., Royston, P., Weich, S., et al. (2008). Development and validation of an international risk prediction algorithm for episodes of major depression in general practice attendees: the PredictD study. Arch. Gen. Psychiatry 65, 1368–1376. doi: 10.1001/archpsyc.65.12.1368 

 Kong, A., Thorleifsson, G., Frigge, M. L., Vilhjalmsson, B. J., Young, A. I., Thorgeirsson, T. E., et al. (2018). The nature of nurture: Effects of parental genotypes. Science 359, 424–428. doi: 10.1126/science.aan6877 

 Levy, J. C., and Deykin, E. Y. (1989). Suicidality, depression, and substance abuse in adolescence. Am. J. Psychiatry 146, 1462–1467. doi: 10.1176/ajp.146.11.1462


 Lewis, C. M., and Vassos, E. (2020). Polygenic risk scores: from research tools to clinical instruments. Genome Med. 12:44. doi: 10.1186/s13073-020-00742-5 

 Lu, T., Forgetta, V., Greenwood, C. M. T., and Richards, J. B. (2022a). Identifying Causes of Fracture Beyond Bone Mineral Density: Evidence From Human Genetics. J. Bone Miner. Res. 37, 1592–1602. doi: 10.1002/jbmr.4632 

 Lu, T., Forgetta, V., Greenwood, C. M. T., Zhou, S., and Richards, J. B. (2023). Circulating Proteins Influencing Psychiatric Disease: A Mendelian Randomization Study. Biol. Psychiatry 93, 82–91. doi: 10.1016/j.biopsych.2022.08.015 

 Lu, T., Forgetta, V., Keller-Baruch, J., Nethander, M., Bennett, D., Forest, M., et al. (2021a). Improved prediction of fracture risk leveraging a genome-wide polygenic risk score. Genome Med. 13:16. doi: 10.1186/s13073-021-00838-6 

 Lu, T., Forgetta, V., Richards, J. B., and Greenwood, C. M. T. (2022b). Polygenic risk score as a possible tool for identifying familial monogenic causes of complex diseases. Genet. Med. 24, 1545–1555. doi: 10.1016/j.gim.2022.03.022 

 Lu, T., Forgetta, V., Richards, J. B., and Greenwood, C. M. T. (2022c). Capturing additional genetic risk from family history for improved polygenic risk prediction. Commun Biol 5:595. doi: 10.1038/s42003-022-03532-4


 Lu, T., Forgetta, V., Wu, H., JRB, P., Ong, K. K., CMT, G., et al. (2021b). A polygenic risk score to predict future adult short stature amongst children. J. Clin. Endocrinol. Metab. 106, 1918–1928. doi: 10.1210/clinem/dgab215


 Lu, T., Forgetta, V., Yu, O. H. Y., Mokry, L., Gregory, M., Thanassoulis, G., et al. (2020a). Polygenic risk for coronary heart disease acts through atherosclerosis in type 2 diabetes. Cardiovasc. Diabetol. 19:12. doi: 10.1186/s12933-020-0988-9 

 Lu, T., Zhou, S., Wu, H., Forgetta, V., Greenwood, C. M. T., and Richards, J. B. (2020b). Individuals with common diseases but with a low polygenic risk score could be prioritized for rare variant screening. Genet. Med. 23, 508–515. doi: 10.1038/s41436-020-01007-7 

 Maier, R., Moser, G., Chen, G. B., Ripke, S., Coryell, W., Potash, J. B., et al. (2015). Joint analysis of psychiatric disorders increases accuracy of risk prediction for schizophrenia, bipolar disorder, and major depressive disorder. Am. J. Hum. Genet. 96, 283–294. doi: 10.1016/j.ajhg.2014.12.006 

 Mandelli, L., Petrelli, C., and Serretti, A. (2015). The role of specific early trauma in adult depression: A meta-analysis of published literature. Childhood trauma and adult depression. Eur. Psychiatry 30, 665–680. doi: 10.1016/j.eurpsy.2015.04.007 

 Manichaikul, A., Mychaleckyj, J. C., Rich, S. S., Daly, K., Sale, M., and Chen, W. M. (2010). Robust relationship inference in genome-wide association studies. Bioinformatics 26, 2867–2873. doi: 10.1093/bioinformatics/btq559 

 Marston, N. A., Kamanu, F. K., Nordio, F., Gurmu, Y., Roselli, C., Sever, P. S., et al. (2020). Predicting benefit from evolocumab therapy in patients with atherosclerotic disease using a genetic risk score: results from the FOURIER trial. Circulation 141, 616–623. doi: 10.1161/CIRCULATIONAHA.119.043805 

 Martin, R. C., and Dahlen, E. R. (2005). Cognitive emotion regulation in the prediction of depression, anxiety, stress, and anger. Personal. Individ. Differ. 39, 1249–1260. doi: 10.1016/j.paid.2005.06.004


 Martin, A. R., Daly, M. J., Robinson, E. B., Hyman, S. E., and Neale, B. M. (2019a). Predicting Polygenic Risk of Psychiatric Disorders. Biol. Psychiatry 86, 97–109. doi: 10.1016/j.biopsych.2018.12.015 

 Martin, A. R., Gignoux, C. R., Walters, R. K., Wojcik, G. L., Neale, B. M., Gravel, S., et al. (2017). Human Demographic History Impacts Genetic Risk Prediction across Diverse Populations. Am. J. Hum. Genet. 100, 635–649. doi: 10.1016/j.ajhg.2017.03.004 

 Martin, A. R., Kanai, M., Kamatani, Y., Okada, Y., Neale, B. M., and Daly, M. J. (2019b). Clinical use of current polygenic risk scores may exacerbate health disparities. Nat. Genet. 51, 584–591. doi: 10.1038/s41588-019-0379-x 

 McBride, C. M., Koehly, L. M., Sanderson, S. C., and Kaphingst, K. A. (2010). The behavioral response to personalized genetic information: will genetic risk profiles motivate individuals and families to choose more healthful behaviors? Annu. Rev. Public Health 31, 89–103. doi: 10.1146/annurev.publhealth.012809.103532 

 McLaughlin, K. A. (2016). Future Directions in Childhood Adversity and Youth Psychopathology. J. Clin. Child Adolesc. Psychol. 45, 361–382. doi: 10.1080/15374416.2015.1110823 

 Metts, A. V., Yarrington, J. S., Zinbarg, R., Hammen, C., Mineka, S., Enders, C., et al. (2023). Early-life adversity and risk for depression and anxiety: The role of interpersonal support. Dev. Psychopathol. 35, 863–875. doi: 10.1017/S0954579422000116 

 Pencina, M. J., D'Agostino, R. B., D'Agostino, R. B., and Vasan, R. S. (2008). Evaluating the added predictive ability of a new marker: from area under the ROC curve to reclassification and beyond. Stat. Med. 27, 157–172. doi: 10.1002/sim.2929 

 Rao, U. (2006). Links between depression and substance abuse in adolescents: neurobiological mechanisms. Am. J. Prev. Med. 31, 161–174. doi: 10.1016/j.amepre.2006.07.002


 Robinson, M. R., Kleinman, A., Graff, M., Vinkhuyzen, A. A. E., Couper, D., Miller, M. B., et al. (2017). Genetic evidence of assortative mating in humans. Nat. Hum. Behav. 1, 1–13. doi: 10.1038/s41562-016-0016


 Sadowski, H., Ugarte, B., Kolvin, I., Kaplan, C., and Barnes, J. (1999). Early life family disadvantages and major depression in adulthood. Br. J. Psychiatry 174, 112–120. doi: 10.1192/bjp.174.2.112 

 Sartorius, N. (2001). The economic and social burden of depression. J. Clin. Psychiatry 62, 8–11.


 Shalev, A. Y., Freedman, S., Peri, T., Brandes, D., Sahar, T., Orr, S. P., et al. (1998). Prospective study of posttraumatic stress disorder and depression following trauma. Am. J. Psychiatry 155, 630–637. doi: 10.1176/ajp.155.5.630


 Sharp, S. A., Rich, S. S., Wood, A. R., Jones, S. E., Beaumont, R. N., Harrison, J. W., et al. (2019). Development and standardization of an improved type 1 diabetes genetic risk score for use in newborn screening and incident diagnosis. Diabetes Care 42, 200–207. doi: 10.2337/dc18-1785 

 Spielman, R. S., and Ewens, W. J. (1996). The TDT and other family-based tests for linkage disequilibrium and association. Am. J. Hum. Genet. 59, 983–989.

 Sternberg, K. J., Lamb, M. E., Greenbaum, C., Cicchetti, D., Dawud, S., Cortes, R. M., et al. (1993). Effects of domestic violence on children's behavior problems and depression. Dev. Psychol. 29, 44–52. doi: 10.1037/0012-1649.29.1.44


 Sullivan, P. F., Neale, M. C., and Kendler, K. S. (2000). Genetic epidemiology of major depression: review and meta-analysis. Am. J. Psychiatry 157, 1552–1562. doi: 10.1176/appi.ajp.157.10.1552


 Vilhjalmsson, B. J., Yang, J., Finucane, H. K., Gusev, A., Lindström, S., Ripke, S., et al. (2015). Modeling Linkage Disequilibrium Increases Accuracy of Polygenic Risk Scores. Am. J. Hum. Genet. 97, 576–592. doi: 10.1016/j.ajhg.2015.09.001 

 Wiersma, J. E., Hovens, J. G., van Oppen, P., Giltay, E. J., van Schaik, D. J., Beekman, A. T., et al. (2009). The importance of childhood trauma and childhood life events for chronicity of depression in adults. J. Clin. Psychiatry 70, 983–989. doi: 10.4088/jcp.08m04521 

 Wong, M. L., and Licinio, J. (2001). Research and treatment approaches to depression. Nat. Rev. Neurosci. 2, 343–351. doi: 10.1038/35072566


 Wray, N. R., Ripke, S., Mattheisen, M., Trzaskowski, M., Byrne, E. M., Abdellaoui, A., et al. (2018). Genome-wide association analyses identify 44 risk variants and refine the genetic architecture of major depression. Nat. Genet. 50, 668–681. doi: 10.1038/s41588-018-0090-3 

 Young, A. I., Benonisdottir, S., Przeworski, M., and Kong, A. (2019). Deconstructing the sources of genotype-phenotype associations in humans. Science 365, 1396–1400. doi: 10.1126/science.aax3710 

 Young, E., and Korszun, A. (2010). Sex, trauma, stress hormones and depression. Mol. Psychiatry 15, 23–28. doi: 10.1038/mp.2009.94




OPS/images/fnins-17-1143496-g003.jpg
Odds ratio

Uoiseidop peoig

.

-

:

g

]

£

i 2

- =
i

1 3. u

Provaence o ik factr

e FL AR _ i gt iaoTinin; g iins; e

- Birthweight < 10th percentile -+ Breastieeding - Frequent domestic violence - Access to medical care





OPS/images/fnins-17-1143496-g004.jpg
Method (AUROC)

— Baseino ol 05811
— PRS model 05096

" mose 05073

— PRS A model 0817

050 o5
Faise postve ate

Mothod (AUPRC)
— Baseinaode 04211
— PRS model 0451

R mosel 048321
&2y — PRS  AF model 04817)

o751

0251

o751

0251

050 B3 100

Faise postve ate

Method (AUPRC)

— Baseino model 05055)
— PrS model 05428
R mosel 05787

— PR+ A ot 05911)

0% o7 o

Recall

Sonsiviy

075/

050/

0251

Method (AUROC)
— Basaina modl 06017
— PAS made 06318)
A model 05503
— PAS + A o (06768)

050 B3 %0





OPS/images/fnins-17-1143496-g001.jpg





OPS/images/fnins-17-1143496-g002.jpg
Partof a e bith
Birtweigh <10 percent
Girtweigh > 901 percent
Breastocding

Matermal smaking

Froquent domestc volenco
Oomesic vloncs

Aecess to medica care

030

05 100 105 110
OR associated with 1 SD increase in MDD PRS.

L —
Branstoong
[r—

Froquent domestc vonco
[r—

Aecoss to sl care

-

@-ﬂ”’" -
Biwsigh <100 parcentic . w}*‘ a”"
ww






OPS/images/fnins-17-1143496-t001.jpg
Model selection

dataset (N =130,092)

Missing data in model
selection dataset (%)

Test dataset
(N =278,730)

Missing data in
test dataset (%)

Mean age (year; SD)
Female (%)

Part of a multiple birth (%)
Mean birthweight (kg; SD)
Breastfeeding (%)

Maternal smoking (%)
Frequent domestic violence (%)
Any domestic violence

Access to medical care (%)
Broad depression’

Probable MDD'

ICD-10 MDD’

56.9(7.9)

68,720 (52.8)
2,966 (2.3)
33(0.7)
69,870 (71.0)
36,459 (32.6)
4,383 (108)
9,740 (24.0)
39,631(97.2)
47,949 (37.1)
18,690 (45.5)

7,348 (24.8)

0
0
1,896 (1.5)
55,972 (43.0)
31,645 (24.3)
18,285 (14.1)
89,467 (68.8)
89,467 (68.8)
89,334 (68.7)
711(05)
89,021 (68.4)

100,518 (77.3)

56.9.(8.0)
152,322 (54.6)
6319(23)
33(07)
151,150 (71.3)
71,728 (29.9)
9,191 (102)
20847 (23.1)
88,127 (97.4)
101,559 (36.7)
39,066 (44.8)

14,572 (23.4)

‘Proportions of individuals with depression phenotypes do not represent prevalence of disease, because individuals with missing data were remove.

0
0

3,774 (14)
19,101 (42.7)
66,736 (23.9)
38,876 (13.9)
188,461 (67.6)
188,461 (67.6)
188,242 (67.5)

1,628 (0.6)
191,561 (68.7)

216,404 (77.6)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Development of risk prediction models for depression combining genetic and early life risk factors



		Introduction



		Methods



		UK Biobank



		Definition of depression phenotypes



		Definition of early life risk factors



		Development of polygenic risk score



		Association between polygenic risk score, early life risk factors, and depression phenotypes



		Joint predictive modeling using genetic and early life risk factors



		Assessment of predictive performance









		Results



		Study design



		Polygenic risk score for depression was associated with early life risk factors



		Genetic and early life risk factors were associated with depression phenotypes



		Joint modeling of genetic and early life risk factors achieved improved predictive performance









		Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary Material



		References



















OPS/images/fnins-17-1143496-e001.jpg





OPS/images/fnins-17-1143496-e002.jpg
(100-a)





OPS/images/cover.jpg
& frontiers | Frontiers in Neuroscience

Development of risk prediction
models for depression combining
genetic and early life risk factors












OPS/images/crossmark.jpg
(®) Check for updates







OPS/images/logo.jpg
’ frontiers ‘ Frontiers in Neuroscience






